The problem of generating maps with mobile robots has received considerable attention over the past years. However, most of the approaches assume that the environment is static during the data-acquisition phase. In this paper we consider the problem of creating maps with mobile robots in populated environments. Our approach uses a probabilistic method to track multiple people and to incorporate the results of the tracking technique into the mapping process. The resulting maps are more accurate since corrupted readings are treated accordingly during the matching phase and since the number of spurious objects in the resulting maps is reduced. Our approach has been implemented and tested on real robot systems in indoor and outdoor scenarios. We present several experiments illustrating the capabilities of our approach to generate accurate 2d and 3d maps.
Introduction
Learning maps with mobile robots has received considerable attention over the last two decades. This is because maps often are inherently necessary for mobile robots to perform their tasks. When mapping an environment, a mobile robot generally has to cope with different kinds of noise: noise in the odometry and noise in the sensor data. Therefore, the map learning problem is a chickenand-egg problem. If the pose (we use the term pose to refer to a robot's 2-y location and its heading direction 8) of the robot was always known during mapping, building maps is relatively easy. On the other band, if a map was available, determinimg the robot's poses can be done efficiently. In the literature, the mobile robot mapping problem is often referred to as the simultaneous localization and mapping problem (SLAM) [2, 4, 7] .
Approaches to concurrent mapping and localization can roughly be classified according to the kind of sensor data processed and the matching algorithms used. For example, the approaches described in [12, 2, 4, 71 extract landmarks out of the data and match these landmarks to localize the robot in the map being learned. The other set of approaches such as [8,6, 131 use raw sensor data and perform a dense matching of the scans. Although all approaches possess the ability to cope with a certain amount of noise in the sensor data, they assume that the environment is almost static during the mapping process. Especially in populated environments, additional noise is introduced to the sensor data which increases the risk of localization errors. Additionally, people in the vicinity of the robots appear as objects in the resulting maps and therefore make the maps not usable for path planning etc. Recently [15] presented a heuristic and feature-based approach to identify dynamic objects in range scans. The corresponding measurements are then filtered out during 2d scan registration.
In this paper we present a probabilistic approach to filtering people out of sensor data and techniques to incorporate the results of the Ekering into the mapping process.
Our approach has several desirable properties. First, by incorporating the results of the people tracker, the alignment of the scans becomes more robust. Additionally, the resulting maps are more accurate, since measurements corrupted by people walking by are filtered out. Compared to 1151 our approach uses a tracking technique and therefore is able to predict the positions of the person's even in situations in which the corresponding features are temporarily missing. Empirical results, described in this paper, illustrate that OUT approach succeeds in learning accurate large-scale 2d and 3d maps of populated environments with range scanners even if several persons are in the vicinity of the robot. This paper is organized as follows. In the next section we brieEy present our approach to tracking multiple people in range scans. The third and forth section describes OUT mapping technique and how the results of the people tracker are integrated into the mapping process. The fifth section contains several experiments describing the advantages of our approach to learning 2d and 3d maps with range scanners. (1)
&el, Given the assignment probabilities we now can compute the weights of the samples ....
j=O where cy is a normalizer ensuring that the weights sum up to one over all samples. Finally, we obtain N new samples from the current samples by bootstrap resampling. For this purpose we select every sample z&, with probability w:,,.
In our system we apply the SPDAF to estimate the trajectories of persons in range scans. S i n c e the laser range scanners mounted on our platforms are at a height of approx. 40 cm, the beams are reflected by the legs of the people which typically appear as local minima in the scans. These local minima are used as the features of the SPDAF. See left and middle part of Figure 1 . Unfortunately, there are other objects which produce patterns similar to people. To distinguish these static objects from moving people our system additionally considers the differences between occupancy probability grids built from consecutive scans. Static features are filtered out. This is illustrated in Figure 2 .
Finally, we have to deal with possible occlusions. We therefore compute a so-called "occlusion map" containing for each position in the vicinity of the robot the probability that the corresponding position is not visible given the current range scan. See right part of Figure 1 .
Computing Consistent Maps
Our current system is able to learn 2d and 3d maps using range scans recorded with a mobile robot. In both cases, the approach is incremepta!. Mathematically, we 
One disadvantage of the approach described above lies in the fact, that the complexity of a single maximization step is in O(t), since every measurement is compared with all previous measurements. In our system, we therefore use a map 
that is constructed based of the At most recent measurements only. This is motivated by two observations. First, proximity sensors have only a limited range so that the system generally cannot cover the whole environment with a single scan. Additionally, objects in the environment lead to occlusions so that many aspects of a given area are invisible from other positions. Therefore, measurements obtained at distant places often provide no information to maximize (5). The overall approach can be summarized as follows: At any poinlt -1 in time the robot is given an estimate of its pose l t -l and a map T ? L (~~-'~~~, S~-' .~~) .
After the robot moved further on and after taking a new meas?-ment st, the robot determines the most likely new pose It. It does this by trading off the consistency of the measurement with the map (first term on the right-hand side in (5)) and the consistency of the new pose with the control action and the previous pose (second term on the righthand side in (5)). The map is then extended by the new measurement st. using the pose it as the pose at which this measurement was taken.
It remains to describe how we actually maximize Quation (5). Our system applies two different approaches depending on whether the underlying scans are 2d or 3d scans.
Two-dimensional Scan Alignment
Our algorithm to 2d scan matching is an extension of the approach presented in [14] . To align a scan relative to the At most recent scans, we first construct a local grid map rh(rt-l-At, st-'xAt) out of the At most recent scans. Additionally to [14] we integrate over small Gaussian errors in the robot pose when computing the maps. This avoids that many cells remain unknown especially if At is small, increases the smoothness of the likelihood function to be optimized and thus results in better alignments. The left image of Figure 3 shows a typical map constructed out of 100 scans. The darker a location, the more likely it is that the corresponding place in the environment is covered by an obstacle. Please note that the map appears slightly blurred according to the integration over small pose errors. To maximize the likelihood of a scan with respect to this map, we apply a hill climbing sfmtegy. A typical scan is shown in the center of Figure 3 . The optimal alignment of this scan with respect to the map is shown in the right image of Figure 3 . As can be seen from the figure. the alignment is quite accurate.
Aligning Thrre-dimensionaJ Range Scans
Unfortunately, a three-dimensional variant of the maps used for the 2d scan alignment would consume too much memory in the case of three dimensions. Therefore this approach is not applicable to 3d scan alignment. Instead, we represent the 3d maps as triangle meshes constructed from the individual scans. We create a mangle for three neighboring scan points, if the maximum length of an edge does not exceed a certain threshold which depends on the length of the beams. To compute the most likely position of a new 3d scan with respect to the current 3d model, we apply an approximative physical model of the range scanning process. Obviously, an ideal sensor would always measure the correct distance to the closest obstacle in the sensing direction. However, sensors and models generated out of range scanners are noisy. Therefore, our systems incorporates measurement noise and random noise to deal with errors typically found in 3d range scans. First, we generally have normally distributed measurement errors around the distance "expected" according to the current position of the scanner and the given model of the environment. Additionally, we observe randomly distributed measurements because of errors in the model and because of deviations in the angles between corresponding beams 4 Integrating People Tracking Results into the Map Building Process
I I
The goal of integrating the results of the people tracker into a mapping process can be divided in two subjects:
1. to improve the alignment between the scans and 2. to filter out corrupted measurements originating from people walking in the vicinity of the robot. to the closest obstacle in the measurement direction. This is efficiently carried out using ray-tracing techniques based on a spatial tiling and indexing [lo] of the current map.
Then we compute the likelihood of the measured distance given the expected-distance, i.e. we determine the quantity p(b I e(b, + L ( P 1 s A t , using the mixture computed for e(b, +L(it-',At,st-'~n')). Assuming that the beams contained in st are independent, we compute the likelihood of the whole scan as
where P(hit,,, Ix:) is the likelihood that a beam ending at position (z, y) is reflected by a person, given the state x:. To compute this quantity, we construct a two-dimensional histogram by counting how many samples of S: representing the belief of xt fall into each bm. We then normalize the histogram and compute the probability P(hiblx:) that a beam b is reflected by a particular person xt as the probability contained in the histogram bin ( z b , y b ) in which the beam ends. Accordingly, we have ,=1 P(hiblX') = P(hit,,,y,/X*).
(10) During the scan alignment we then weight each beam by the probability 1 -P(hiblx'). The second task is to filter out beams reflected by persons to avoid spurious objects in the resulting maps. In o w current system we compute a bounding box for each sample set S: and integrate only those beams whose endpoint does not lie in any of the bounding boxes. To cope with the possible time delay of the trackers, we also ignore corresponding beams of several previous and next scans before and after the person was detected. Please note, that one generally can be more conservative during the map generation process, because the robot generally scans every part of the environment quite often. However, during scan alignment, a too conservative strategy results in too few remaining beams which reduces the accuracy of the estimated positions.
Experiments p(st I l t ,~( f t -1 & t -l A t
The approach described above has been implemented and tested on Merent robotic platforms and based on extensive off-line experiments carried out with recorded data. The goal of the experiments described in this section is to illustrate that the integration of people detection tecbniques into the mapping process leads to better maps since the resulting alignments are more accurate and since beams reflected by persons are filtered out To maximize Equation 5 we again apply a bill climbing technique. which reduces the number of spurious objects. Our implementation can detect people in real-time, so that the time to map an environment is not influenced by using this information,
Learning 2d Maps
The first experiments were carried out using an RWI B21 and a Pioneer I robot in a 25m x 4m large corridor environment and in the 30m x 45m large hallway of a museum. In both experiments several people were walking through the environment leading to a huge amount of corrupted readings. Apparently, the number of corrupted readings is reduced considerably. Please note that there were 15 people walking through the museum hallway while the robot was mapping it. Some of the people were forming an almost static crowd so that they could not be detected by our people tracker. Additionally, the columns in this hallway produce similar features as bumans do. Nevertheless, OUT approach could seriously reduce the number of readings corrupted by people.
Improved Robustness
Besides the fact that the resulting maps are better, filtering people increases the robustness of the mapping process.
To demonstrate this we have carried out a series of experiments in which we added random noise to the poses in the input data and compared the performance of our mapping strategy with and without people filtering. We performed 50 experiments for each noise level. Figure 6 shows the numbers of maps containing a translational error larger than 200cm for the different noise values. As can bee seen by this statistic, using the information of the people tracker significantly increases the accuracy of the position estimation during the mapping process.
Leamhg 3d Maps
The last experiment was carried out to analyze the performance of our system when learning three-dimensional maps. For this experiment we used the Pioneer 2 AT platform (see left image of Figure 7 ) equipped with two laser range-scanners. Whereas the first scanner, that is mounted in front of the robot, is used for tracking people, the second scanner, that is mounted on an AMTEC wrist module, is used to scan the 3d structure of the environment. The right image of Figure 7 shows a typical scenario during this experiment performed on our university campus. Here, several people were walking through the scene while the robot was scanning it. Figure 9 (left) depicts the model obtained after aligning two scans of the same environment. In this model, the people appear as three-dimensional curves. Figure 8 contains a mag- 
Conclusions
In this paper we presented a probabilistic approach to mapping in populated environments. The key idea of this technique is to use a joint probabilistic data association filter to track people in the data obtained with the sensors of the robot. The results of the people tracking are integrated into the scan alignment process and into the map generation process. This leads to two different improvements. First, the resulting pose estimates are better and second, the resulting maps contain less spurious objects than the maps created without filtering people.
Our technique has been implemented and tested on different robotic platforms and for generating 2d and 3d maps. The experiments demonstrate that our approach can seriously reduce the number of beams corrupted by people walking through the environment. Additionally, extensive simulation experiments illustrate that the pose estimates are significantly better if the results of the tracking system are incorporated during the pose estimation.
